Sensitivity of the GME Estimates to Support Bounds
The generalized maximum entropy (GME) estimator was introduced by Golan et al. as a way to overcome two empirical problems that hamper traditional econometrics: multicollinearity and ill-posed models. Despite its recent origin, several papers based on the GME approach have appeared already in this journal (Paris and Howitt; Miller and Plantinga; Lence and Miller; Zhang and Fan) . The distinguishing feature of the GME estimator consists in its requirement of a specific assumption and non-sample information about parameters and error terms. In particular, its implementation relies on subjective information about the range of variation of parameters and error terms that must be provided by the researcher.
For reference ease, we state the GME estimator of a classical linear statistical model following the notation of Golan et al. (chapter 6) and X~(T × K). The vector y and the matrix X constitute sample information while the vector represents parameters to estimate and the vector u contains random disturbances. The principal assumption of the GME formalism is that a parameter k is re- while p km is an unknown probability whose value must be determined by solving a maximum entropy problem. An analogous reparametrization of the random errors u t , t = 1,...,T , is also assumed for the GME estimator. In particular, let The two extreme support values for each parameter and error term constitute the support's bounds that are the subject of our paper. For future reference, let us denote by Z and V the matrices of parameter and error supports, respectively.
The choice of support's bounds, whether for parameters or errors, has important implications for the parameter estimates and the estimated variance of the error term. For example, if the parameter estimates are sensitive to variations of support bounds, then it is probable that policy implications will also be affected by the subjective choice of such a priori information. It is rather disappointing, therefore, that the analysis of the same sample data performed by two different researchers will produce different estimates and different testing results. Motivated by such concerns, Caputo and Paris have carried out a complete comparative statics analysis of the GME estimator for the general linear model.
They showed that nothing can be said, a priori, about the estimates' direct response to changes in either parameter or error bounds. They demonstrated however that, in general, there exists a symmetric and negative semidefinite comparative statics matrix, each individual element of which consists of a linear combination of T+1 Slutsky-like forms.
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Their Theorem 1 thus shows that it is the compensated changes in the support bounds that result in unequivocal comparative statics for the GME problem (4). This implies that it is not possible to derive unequivocal comparative statics results for the effects of the support bounds on the individual parameter and errors. In spite of this pitfall of the GME estimator, the econometric literature seems reluctant to acknowledge it, thereby leaving the researcher with the wrong impression that support bounds do not matter much as determinant of the estimates and their concomitant policy implications. This paper's objective is threefold: First, we will scrutinize and provide evidence to counter the assertions about the impact of support bounds' variations made by the original proponents of the GME estimator. This examination will be accomplished by means of Monte Carlo experiments. We will show that the assertions of Golan et al. are unwarranted in general, and may be valid only within the limited confine of the Monte Carlo studies which accompany them. Second, we will use the GME estimator in order to attempt the extraction of econometric inference from the famous sample of US manufacturing data that was used in the original analysis of production functions carried out by Cobb and Douglas in 1928 . In this section of the paper we will show the difficulty of deciding which sets of support bounds ought to be selected in order to verify the economic implications of Cobb and Douglas' hypotheses. It is a case of the proverbial chickenand-egg dilemma. Third, we will summarize the general findings of Caputo and Paris regarding the lack of any unequivocal comparative statics results for the impact of the support bounds on the individual parameters and errors, briefly alluded to above. Essentially the same conclusions have been reiterated by Lence and Miller, but with a notable variant. In two similar papers they stated that, within the scope of their Monte Carlo study, a variation of support bounds has little or no appreciable impact on sample estimates. They write (1998a, p. 860): "The most important pattern observed in table 2 is that doubling (or halving) the parameter and error bounds has little impact on the fit of the auxilliary regressions. … The impact of changes in the parameter bounds are also slight but do not exhibit a consistent pattern." Similarly, in their other paper Lence and Miller write (1998b, p. 195) : "GME results are not sensitive to changes in the width of the error supports, and the changes in the parameter supports must be relatively large to have an impact on the parameter and input estimates." This last statement contradicts the previous assertion by Golan et al. according to which: "… increasing the (parameter) bounds … decreases the impact of the support."
The aggregate message of these studies suggests that widening the parameter supports has little impact on the estimates as measured by the risk function (MSEL) and, similarly, that widening the error supports has also little effect on the estimates. To ex-6 amine these implicit generalizations about the GME estimator we performed three Monte Carlo experiments, two of which deal with well-posed models and one with an ill-posed specification.
The first Monte Carlo experiment is characterized by the following data generating process ( (table 2) One of the most appealing aspects of the GME estimator is that it can easily pro- From the information of table 2, variations of both parameter and error bounds induce extremely large changes in the MSEL function and error variance. For example, the variation in the error bounds resulted in more than 700 percent difference in the value of the MSEL function and more than 4000 percent difference in the error variance. Similarly, the variation in parameter bounds results in more than 5700 percent difference in the value of the MSEL function and more than a 100 percent difference in the error variance, as measured from parameter bounds [-5,5 ] and error bounds [-10,10] . It is interesting to note that, also in this case, an estimate of the error variance which is close to the true variance corresponds to error bounds between [-20,20] and [-40,40] , well above the 3 rule. These results reinforce the previous conclusion that variations of either parameter and/or error bounds induce complex and unpredictable patterns of response on the parameter estimates and on the statistical performance functions.
The conclusion gleaned from the three Monte Carlo experiments is anything but encouraging for the practical application of GME in the context of flexible functional forms. The reason for this pessimistic assessment is that the individual parameters of these functions have no direct economic interpretation, as in the translog, generalized Leontief, and asymptotically ideal model (Barnett and Jonas) functional forms, for example.
As a consequence, no a priori economic information can be brought to bear on the parameter support bounds in such instances, leaving the applied researcher with little knowledge on which to base her choice of Z. Because the use of flexible functional forms is the rule in applied demand and production analysis, the application of the GME estimator in these contexts must be accompanied by an extensive exploration of the parameter space and an informative reporting of all the results in order for the conclusion of the empirical work to be of some predictive policy value and to convince the reader of its re-liability. A few trials are not sufficient and may reflect only the personal bias of the researcher.
The Cobb-Douglas Sample of US Manufacturing Data
Monte Carlo experiments are useful to gain some information about limited aspects of an estimator but, in general, prove nothing. On the contrary, they can disprove a conjectural belief no matter how firmly held, as in this case. When this event happens, the econometric researcher who desires to use the GME approach is left without guidelines on estimation and inference and, therefore, must decide how to proceed only on the basis of the available information that is confined to one sample of data. This endeavor may not always be feasible.
In this section we will illustrate this point by analyzing a famous data sample originally used by Cobb and Douglas in 1928 to estimate the first aggregate production function. That study introduced and popularized the Cobb-Douglas functional form. The objective of the two famous authors was actually very ambitious, as they intended to use available accounting data of the US manufacturing economy to reconcile the marginal theory of production with the marginal theory of income distribution. This reconciliation required that the input coefficients-representing the marginal contribution of capital and labor to production-be positive and sum to unity in order to validate a long-run equilibrium between production and income distribution. On an accounting basis, the income share of labor was measured at 0.75 while that of capital was measured at 0.25.
Although this study has been criticized-with hindsight's wisdom-on both theoretical and empirical grounds, it remains a path-breaking example of econometric analysis.
We, thus, will use the same data and model to trace the intellectual itinerary that could have been undertaken by Cobb and Douglas if the GME estimator had been available to them. The econometric model of interest is specified by the following Cobb-Douglas production function For reference, the ordinary least-squares (OLS) estimates of relation (5) (table 3)   Table 3 reports the GME estimates of relation (5). Before examining this table, however, it is convenient to recall that Golan et al. (p. 138) asserted that "…wide (parameter) bounds may be used without extreme risk consequences if our knowledge is minimal and we want to ensure that Z contains . Intuitively, increasing the bounds increases the impact of the data and decreases the impact of the support," and that Lence and Miller (p. 195 ) also wrote that "GME results are not sensitive to changes in the width of the error supports,…"
The results of table 3 tell a different story. Widening error bounds, while keeping wide parameter bounds constant, has the effect of changing the sign of the capital coefficient in the direction of Cobb and Douglas' expectations. Furthermore, for the theory of production to match the theory of income distribution, the production elasticities of capital and labor should be close to 0.25 and 0.75, respectively. Hence, it would appear that a combination of bounds in the proximity of [-100,0,100] for the parameters and [-30,0,30] for the errors would fulfill Cobb and Douglas' expectations.
Of course, this way of looking at the results is not an admissible process of statistical inference since it would appear that the GME estimator, when properly massaged, is capable of telling almost any story, including the story that Cobb and Douglas desired.
The fatal impropriety lies in using Cobb and Douglas' expectations for exploring the a priori information and mining the data until they produced the desired results. There may be always unexplored corners of the parameter and error spaces that could have revealed the true story or, at least, a more sensible one. But with this process we will never know.
There is nothing that the GME estimator can do to break this circular reasoning and "let the data speak" on their own.
Comparative Statics of the GME Estimator
As remarked earlier, Monte Carlo results are not general and thus their conclusions are not typically robust. The conclusions derived from a limited set of Monte Carlo experiments are at best correct within the specific confines of those experiments. There are, however, general results available concerning the effects of perturbations in the parameter and error support bounds on the GME parameter estimates. To put the above Monte Carlo and empirical results into proper perspective, therefore, we summarize the general comparative statics results of Caputo and Paris, which were briefly alluded to in the introduction.
To that end, and for the sake of keeping the present paper self contained, we present the central theorem of Caputo and Paris. Note that the ensuing theorem applies to a version of the GME problem (4) in which each parameter and error has a pair of symmetrically placed support values about the origin, given by [-Z 
Theorem 1 (Complete Comparative Statics):
The K × K comparative statics matrix (a) for the GME problem (4) is symmetric and negative semidefinite, where
Moreover, the rank of (a) is no larger than K.
The vector a contains all the parameter and error support bounds. The elements ˆ λ t (a), t = 1,...,T , are the Lagrange multipliers of the T sample observations in the linear model of problem (4).
Theorem 1 contains all the qualitative information derivable from the GME problem (4) without imposing additional assumptions on its structure. That is, Theorem 1 gives the fundamental comparative statics properties of the GME problem (4). Each element Ψ k ′ k (a) of the comparative statics matrix (a) consists of a linear combination of T + 1 Slutsky-like forms. The Slutsky-like forms consist of a parameter supportbound effect, given by the expression
, and a linear combination of T error support-bound effects, the latter given by the expressionŝ
To acquire some understanding of the complex relations exhibited by the (a) matrix, it is important to recognize that the form of the comparative statics given in Theo- the GME problem (4). Therefore, the fundamental comparative statics properties of the GME problem (4) consist of compensated derivatives rather than simple partial derivatives, and apply to the values of the parameters estimates and residuals relative to the endpoint of their support interval. This implies that, in general, one cannot hope to derive unequivocal comparative statics results in the form of direct partial derivatives for the GME problem (4), say, of the form ˆ k (a) Z ′ k . For a better illustration of Theorem 1, we now assume an extreme ill-posed situation by letting K = 2 and T = 1. In this case the typical element of the ( 2 × 2) (a) matrix takes on the form
The Slutsky-like nature of the comparative statics matrix (a) is now even more selfevident. It consists of a linear combination of two Slutsky-like terms under the simplifying assumptions K = 2 and T = 1. The form of (a) shows that even in this very special case it is not possible to derive unequivocal comparative statics results in the form of 14 partial derivatives for the GME problem (4), that is, comparative statics of the form k (a) Z ′ k , exactly as recognized above. Thus, in general, no simple definitive relationship exists between changes in the support bounds and the values of the parameters and residuals in GME problem (4).
Conclusion
The GME estimates of a linear statistical model are sensitive, in general, to variations of either parameter and/or error support bounds. Without a precise a priori knowledge of the true range of parameter variations, the implementation of the GME estimator depends heavily upon the subjective information provided by the researcher. In this paper we have
shown by empirical evidence and demonstrated by comparative statics analysis that the impact of variations of parameter and error support bounds is unpredictable. Three non trivial Monte Carlo experiments have produced a large risk associated with such bounds' variations. When dealing with a single data sample, it is difficult to decide which support bounds ought to be selected to verify the model's hypotheses. These results are the Achilles heel of the GME estimator. 
